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Abstract Hand Gesture Recognition (HGR) is emerging as a vital tool in enhancing communication, particularly for
individuals who are deaf or hard of hearing. Despite its potential, widespread use of sign language remains constrained by
limited understanding among the general public. Previous research has explored various models to bridge this communication
gap. However, deploying complex deep learning algorithms on low-power, cost-effective embedded devices presents
significant challenges due to constraints on memory and energy resources. In this research, we introduce a new approach by
leveraging lightweight machine learning algorithms for real-time hand sign recognition, utilizing novel geometrical features
derived from hand landmarks. Our approach optimizes computational efficiency without compromising accuracy, making it
suitable for resource-limited devices. The proposed model not only achieves higher accuracy compared to existing methods
but also demonstrates that a focus on feature design can outperform more complex deep learning architectures, thereby
offering a promising solution for real-time, accessible HGR applications.
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1. Introduction

Today, about 430 million people worldwide are affected by hearing impairment [1], a number that continues to rise
as the population ages. For many of these people, sign language is an essential communication tool, enabling them
to express their thoughts, feelings, and emotions through a visual language based on gestures [2]. Sign language is
not simply a set of hand movements; it is a rich and complex system of communication that relies on the precise
positioning and movement of the hands, as well as facial expressions and body language, to convey meaning
[3]. Despite its effectiveness within the deaf community, this visual language is not widely understood by the
general population, creating a significant communication barrier when people with hearing impairments interact
with those who don’t know the language. Currently, bridging this communication gap often requires the use of
human interpreters, which can be costly and is not always easy to obtain, limiting the independence and social
participation of people who depend on sign language.

Hand Gesture Recognition technology has emerged as an effective solution for overcoming communication
barriers. HGR systems work by interpreting the complex hand movements used in sign language and converting
them into text or speech that can be understood by those unfamiliar with the language. This technology has the
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potential to greatly improve the lives of hearing-impaired individuals by enabling more fluid and spontaneous
communication with the general public, without the need for a human interpreter. However, the challenge lies in
developing HGR systems that are not only accurate and reliable, but also efficient enough to run on low-cost,
portable devices that are practical for everyday use.

Researchers have investigated a number of methods to improve HGR systems. These have included traditional
machine learning techniques [4, 5, 6, 7], which rely on manually crafted features, as well as more recent
deep learning methods [8, 9, 10], which automatically learn features from data. Traditional machine learning
models have the advantage of being less computationally demanding, but they often require extensive feature
engineering, which can be challenging given the variability and complexity of hand gestures. In comparison,
deep learning models have shown exceptional accuracy and robustness in hand gesture recognition, yet their
high computational and memory requirements pose challenges for deployment on low-power devices such as
smartphones and wearables [11]. Although recent advancements in lightweight models enable some real-time deep
learning applications, our work focuses on optimizing traditional machine learning methods to operate efficiently
on low-power, embedded devices with limited computational resources.

To address these challenges, our research introduces lightweight machine learning algorithms specifically
adapted for deployment on resource-constrained devices. This method achieves a balance between the efficiency
of traditional machine learning and the robustness typically found in deep learning. By leveraging customized
feature engineering, traditional machine learning techniques can sometimes match or even exceed the efficiency of
lightweight deep learning models in certain tasks.Our approach emphasizes these benefits in a controlled setting,
recognizing that while traditional methods can be very efficient, deep learning models usually provide greater
robustness in varied and unpredictable situations.

Our approach focuses on extracting new geometric features from hand gestures that are both informative and
computationally efficient. These features capture essential information about the shape and orientation of the hand,
enabling the model to accurately distinguish between different hand signs.

We train our machine learning model on these features using various classifiers. We design a model that is not
only accurate but also well-suited for real-time use on low-power devices by focusing on geometric features that are
rich in detail but computationally simple. Our results show that this approach outperforms several existing methods,
achieving high accuracy with much lower computational requirements compared to complex deep learning models.
This makes our system a practical and effective tool to improve communication for those who rely on sign language.

The main contributions of this paper are summarized as follows:

* Novel Geometrical Features: We introduce a new set of geometrical features extracted from MediaPipe hand
landmarks, which effectively capture the structure and orientation of the hand for improved classification.

« Efficient Machine Learning Model: Unlike deep learning-based approaches, our method focuses on
lightweight machine learning classifiers (Random Forest, Decision Trees, and K-Nearest Neighbors), making
it suitable for deployment on embedded systems.

* Improved Accuracy with Lower Computational Cost: Our approach achieves competitive performance while
maintaining low computational complexity, outperforming deep learning models in terms of efficiency.

The rest of this paper is structured as follows: Section 2 provides an overview of related works. Section 3
offers a detailed description of our methodology and proposed model for hand gesture recognition, including an
introduction to the features and an explanation of the model training. Section 4 presents the results, while the
conclusion is discussed in Section 5.

2. Related Works

While verbal interactions remain the primary means of communication, they continue to pose challenges for deaf
and hard-of-hearing individuals. This has motivated researchers to explore alternative methods of communication
that do not rely on speech. Among these, HGR has emerged as a prominent solution, due to the natural use and rich
meaning of hand movements in human interaction.
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There are two types of approaches for capturing images or video of hand gestures: sensor-based and vision-based
approaches.

* Sensor-based methods can be categorized into three main types: data gloves, electromyography (EMG),
and Wi-Fi signals. Komura and Lam [15] first proposed data gloves for real-time locomotion control.
Subsequently, numerous studies have focused on HGR systems based on gloves designed for people with
speech disorders [16, 17, 18, 19, 20]. Electromyography (EMG) uses electrodes attached to the skin or
inserted into the muscles to record electrical activity. Vuskovic and Du [21] identified six different gestures
with an accuracy of 78%. Other researchers then obtained an accuracy of around 90% [22, 23]. As for Wi-Fi
signals, gesture recognition provides a passive and fine-grained solution compared to wearable sensors and
dedicated devices. This approach enables contactless recognition with broader coverage [24, 25, 26].

¢ Computer vision-based methods for gesture recognition have significantly evolved, leveraging advanced
image sensor technologies. Monocular, binocular, and depth (RGB-D) cameras are the primary types used
in these systems. Microsoft’s Kinect V1, introduced in 2010, integrates OpenNI and the SDK library,
enabling robust gesture recognition by tracking human joint movements. A notable application by Hisham
and Hamouda [27] achieved a 93.7 % recognition rate for Arabic sign language using decision trees, Bayesian
classifiers, and AdaBoost. Leap Motion’s body controller, launched in 2013, employs stereo vision with two
cameras to accurately determine spatial coordinates. Intel’s RealSense cameras, another prominent depth
camera, have been used in gesture recognition systems, with De Smedt et al. [28] in 2016 proposing a 3D
gesture recognition method utilizing the Fisher vector and SVM.

Recent advances in deep learning have significantly improved hand gesture recognition, particularly with
CNN-based architectures. Convolutional Neural Networks (CNNs) have demonstrated outstanding performance
in extracting spatial features from gesture data, with models like ResNet [29] and EfficientNet [30] achieving state-
of-the-art accuracy in controlled environments. For instance, Sharma and Lande [30] proposed a robust approach
using EfficientNetBS5 for real-time HGR, obtaining 90% accuracy in classifying complex hand gestures. However,
the high computational demands and reliance on large datasets often hinder their deployment in real-time or
resource-constrained scenarios. To mitigate these challenges, researchers have explored transfer learning strategies.
Yu et al. [31] demonstrated that fine-tuning pre-trained CNNs on sSEMG datasets significantly improves gesture
recognition accuracy, achieving robust performance on benchmark datasets such as CapgMyo and NinaPro DB1.
Similarly, Tsinganos et al. [32] introduced an innovative approach using Hilbert space-filling curves to represent
SsEMG signals, enabling the application of CNNs to enhance classification accuracy. Additionally, hybrid models
combining CNNs and Long Short-Term Memory (LSTM) networks have been developed to integrate spatial and
temporal information, further improving recognition of dynamic gestures [33].

While these deep learning approaches achieve high accuracy, their heavy computational footprint limits their
application in embedded or low-power environments. In contrast, our approach focuses on leveraging lightweight
machine learning classifiers combined with geometrical feature extraction to achieve high recognition accuracy
while maintaining computational efficiency, making it more suitable for real-time and resource-constrained
deployments.

In recent years, there has been considerable interest in detecting hand movements using ultrasonic sensors [34]
and smartphones. A machine learning solution called "wisture” has been developed to recognize hand gestures on
smartphones, boasting an impressive accuracy of up to 93%. This system uses a recurrent neural network (RNN)
and has been trained to identify three distinct hand gestures [35]. Panella and Altilio [36] tackled the difficulties
of recognizing hand gestures on en SOIC’s special position at the intersection of mathematics, computer science,
and data science, we indeed place significant emphasis on mathematical / statistical methodologies, algorithmic
analysis and application with limited resources. They came up with a new, efficient machine learning algorithm
that uses Hu image moments [37] to accurately identify hand gestures.

Extracting features from hand poses presents significant challenges, and researchers have explored various
approaches to address them. Oprisescu et al. [38] proposed using depth and time-of-flight (ToF) cameras to capture
hand gestures, achieving 93.3% accuracy with a decision tree classifier across nine different gestures. Yun et al.
[39] developed a method that combines multi-feature fusion with template matching for classifying hand gestures.
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Ahmed et al. [40] applied dynamic time warping to recognize 24 gestures from Indian sign language, achieving
a 90% accuracy rate. Pansare et al. [41] created an American Sign Language recognizer (A-ASLR) that operates
in real-time and achieved an 88.26 % accuracy using the American Sign Language (ASL) alphabet dataset. Ansar
et al. [42] employed a point-based feature extraction method, optimizing features with a gray wolf optimizer and
classifying gestures using a genetic algorithm.

In recent developments, Shin et al. [43] utilized 21 hand landmarks extracted through MediaPipe, focusing on
angle and distance-based features, and used a combination of support vector machine (SVM) and light gradient
boosting machine (GBM) for classification. Similarly, Costa et al. [44] employed MediaPipe to extract hand
landmarks and implemented bounding boxes around the hands, achieving 90% accuracy with SVM. While distance
and area-based methods have been successfully applied, they can encounter challenges in practical applications
with 2D cameras, potentially leading to variable feature values for the same gesture. However, these methods
remain valuable in specific contexts and can yield accurate results when properly calibrated. In [45], the authors
used machine learning methods based on features derived from angles and lines extracted from hand landmarks,
achieving 93% accuracy with a Random Forest classifier.

3. Methodology and proposed model

In this section, we discuss the method used in this work. First, we present the new geometric features used for hand
gesture recognition, in particular the medians and heights of the triangles formed by the fingers. Next, we detail
the training procedure for the machine learning model, starting with data collection and preparation, followed by
the selection of the appropriate machine learning models, and concluding with the training process. An overview
of the system is shown in figure 1.

Landmarks Geometric
Input Video —————————™ G ti > Features
eneration Extraction

|Median5 ‘ [ Heights ‘ Angles ‘

Classification

Output

Figure 1. Flowchart of the proposed system.

3.1. Features specification

This section presents novel geometric features that improve the accuracy of hand gesture recognition,
complementing traditional metrics such as angles. These features are derived from coordinates obtained through
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a combination of Mediapipe [53] landmarks and convexity defects. By analyzing the spatial relationships and
geometric properties of hand gestures, these features contribute to a more robust and precise recognition system.

3.1.1. Medians

In geometry, the median of a triangle is a line segment connecting one vertex to the midpoint of the opposite side,
and it can be used to extract meaningful features from the shape of the hand by providing a stable measure of the
overall size and orientation of the hand. Medians hold significant potential in enhancing hand gesture recognition
accuracy, particularly in the context of ASL. They allow precise measurement of finger position and flexion, as
well as the extent of hand opening and closing. By capturing the relative positions of the fingers, medians help in

distinguishing between similar gestures, making them particularly valuable for accurately interpreting the nuanced
hand shapes required for ASL recognition.
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Figure 2. Geometric representation of features (Medians).

In Figure 2, the medians are labeled from (1) to (5). The median numbered (1) is excluded because convexity
defects with angles greater than 90 degrees were eliminated to focus primarily on the fingers. This approach is
applied similarly to the height distances discussed in the following section.
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Figure 3. Zoomed-in view illustrating medians.
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Figure 4. Geometric representation of features (Heights).

To calculate the median distances, follow the steps outlined below, using the notation in Figure 3.
We begin by determining the coordinates of the midpoint (z,,,y,,) of the segment bounded by (z1,y;) and
(22,y2). The midpoint is calculated as follows

T+ X2 Y1+ Y2

msYm) = s . 1
(wms ) = (F52, B2 M
Then, we use the Euclidean distance to calculate the length of the median

din = /(@ = 23)2 + (g — y3)%. &)

Additionally, the midpoints (2, ¥, ) are also used as features to enhance the accuracy of the gesture recognition
system by providing more detailed positional information.

3.1.2. Heights

For heights, however, we used the centroid of the hand as the reference point. The centroid, which represents
the geometric center of the hand, provides a consistent and reliable anchor from which to measure the spatial
configuration of the hand. The height of the triangle formed by the centroid and the fingertip positions as shown
in Figure 4, provides an additional dimension of analysis, reflecting the orientation of the hand and the degree of
finger flexion. This approach complements the information obtained from the medians, providing a more detailed
and accurate representation of the hand’s structure and movement.

By integrating both medians and heights, we achieve a more robust and comprehensive gesture recognition
system, improving the accuracy and reliability of interpreting ASL gestures.

Following the coordinate notations in Figure 5, we first calculate the slope m; of the line through the points
(z1,y1) and (x2,ys), we get:

- 2R 3)

mq .
T2 — 1

Next, we determine the y-intercept p of this line by applying the line equation:

P =y — mizi. 4)
The slope m4 of a line perpendicular to the one with slope m; is given by:
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Using the perpendicular slope ms and the coordinates of the centroid (., y.), we get
Pf = Ye — M2 (6)
where z. = Zég, Ye = Zgé, with
“+ o0 400
Mpq = / / xPzd f(x,y)dzdy,
—o0 —o0
see [46].
The intersection point (z,, y,) is found by solving the equations:
mix +p = max + py. 7
The perpendicular distance is the Euclidean distance between the centroid and the intersection point:
dp = \/(xp ze)? + (Yp — Ye)? ®)
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Figure 5. Zoomed-in view illustrating heights.

3.1.3. Angles

To further refine this analysis, we incorporate angles to capture the spatial distribution and orientation of the
fingers, complementing the previously discussed median distances and perpendicular heights.
As illustrated in the figure 6, we analyze the angles with the centroid as the vertex and the sides formed by the

fingertips. Defects with angles greater than 90 degrees are excluded. While the lengths of sides (a), (b), and (c) are
measured, the angle between the fingers is computed using the cosine formula:
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Figure 6. Geometric representation of features (Angles).

a® = b? + ¢* — 2bccos(a) 9

where a, b, and c are the sides of the triangle, « is the angle between the lines going from the defect to the convex
polygon vertices.
The angle « is found using the following expression:

b2 4 2 — g2

—1
= cos
@ ( 2bc

). (10)

3.2. Machine learning model training

This section is dedicated to the training stage. We begin by explaining the data acquisition process and then detail
the various techniques used for augmentation and feature extraction. Next, we enumerate the three machine learning
models used, namely K-Nearest Neighbors (KNN), Decision Tree, and Random Forest. Finally, we explain the test
split process employed.

3.2.1. Data collection

Image acquisition was performed using the computer’s camera, recording ASL gestures. The obtained videos
were converted into image sequences with a resolution of 640 x 480 pixels. For each gesture, 300 image sequences
were captured under various conditions. In addition to this manually created dataset, we included an open-source
dataset. Both datasets contain 26 classes of ASL gestures, representing the letters A to Z, and include images with
diverse backgrounds, hand sizes, and lighting conditions to improve the model’s generalization capabilities.

3.2.2. Data preparation

To enrich our dataset, we applied several data augmentation techniques, including zooming, flipping, and
rotating the images. Zooming scaled the images randomly to simulate different distances. Flipping mirrored the
images horizontally, increasing orientation variety. Rotation introduced random angles to account for diverse hand
positions. We then merged the two datasets to perform feature extraction.

In our system, the first step of preprocessing involves utilizing MediaPipe to identify 21 hand landmarks, which
act as reference points for calculating various geometric features (such as medians and heights). The preprocessing
pipeline derives a convex hull from the hand landmark data, which serves as the foundation for the following
feature calculations. These features are then directly applied for classification, ensuring that all later steps depend
on a precise geometric representation derived from MediaPipe’s initial processing output.
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Figure 7. Examples of hand gesture classes from A to Z captured by the camera: (a) Gesture A, (b) Gesture B, (c) Gesture
C, ... up to (z) Gesture Z.

To further enhance the system’s robustness to potential inaccuracies in hand landmark detection, we have
implemented error-correction mechanisms. These include confidence thresholding to filter out low-confidence
landmarks and hand presence detection to skip frames without confidently detected hands. These measures mitigate
the impact of noisy or inaccurate detections, strengthening the system’s overall reliability and robustness.

3.2.3. Machine learning model selection

The features extracted are utilized for training the models. We opted for traditional machine learning classifiers
rather than deep learning approaches, prioritizing performance.

The three classifiers selected for this study are K-Nearest Neighbors (KNN) which is a non-parametric algorithm
that classifies a gesture by identifying the K closest data points in the training set and assigning the most
common class among these neighbors, the Decision Tree that classifies data by splitting it into subsets based on
feature values, forming a tree-like structure and Random Forest that combines multiple decision trees to enhance
classification and regression accuracy. Figure 8 provides an illustrative diagram of these models.
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Figure 8. Illustrative diagrams of models: (a) Decision Tree, (b) Random Forest, and (c) K-Nearest Neighbors.

By training each tree on a random subset of features and data, it reduces over-fitting and improves robustness.
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3.2.4. Model training

In our research, we use k-fold cross-validation to evaluate the performance of our hand gesture recognition
model. This method involves dividing the dataset into k equally sized folds. For each k iterations, one fold is used
as the validation set while the remaining k-1 folds serve as the training set. This process is repeated k times, with
each fold used as the validation set once. By averaging the performance metrics across all k iterations, k-fold cross-
validation provides a robust estimate of the model’s generalization ability and ensures a comprehensive evaluation
of its effectiveness.

4. Results and evaluations

4.1. Performance Metrics

The training processes proposed will involve integrating two datasets: an augmented open-source ASL
dataset (https://www.kaggle.com/datasets/grassknoted/asl-alphabet) and a synthetically
generated dataset. The latter will be further augmented utilizing the techniques outlined in Table 1.

Table 1. Description of the augmentation techniques applied to the dataset.

Augmentation Description Probability
Flipping 50% probability 50%
Rotation 15 degrees in both directions 30%
Zooming between 10% and 50% 30%
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Figure 9. Distribution of samples across ASL gesture classes.

The extraction process for the proposed geometrical features primarily relies on hand landmark coordinates
and convexity defect information. Each detected defect provides five features. To focus specifically on convexities
related to the fingers, we will consider only those convexities with an angle less than 90 degrees, excluding the
others from the dataset. Consequently, a maximum of 20 features can be derived (4 convexities x 5 features each).
However, in some cases, convexity defects may not be detected for a given hand; literature indicates a maximum
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Figure 10. Distribution of convexity defect numbers: (a) Class A, (b) Class D, (c) Class F, (d) Class O.

of 6 convexity defects per hand, with 2 of these often having angles greater than 90 degrees. Such samples will be
excluded from the dataset.

To ensure a consistent input size for the machine learning model, missing features will be filled with a value of
-1. Additionally, to maintain feature homogeneity, we will normalize the input by dividing distance and coordinate
features by the image size, and angle features by 90 degrees.

Following the feature extraction process, the dataset comprises 397,800 samples, each representing a distinct
class. Figure 9 illustrates the distribution of images across these classes, providing a clear visualization of class
sizes. Additionally, Figures 10a, 10b, 10c and 10d detail the number of convexity defects detected within certain
classes, offering insights into the geometric and structural characteristics of the hand.

For the training step, we employed a 20-fold stratified cross-validation split. This approach involves partitioning
the dataset into 20 distinct subsets, or folds, ensuring that each fold preserves the original class distribution.
By conducting 20 separate training scenarios, we aim to obtain legitimate and robust results for our evaluation
metrics. This method also helps detect potential over-fitting or under-fitting situations, as the model’s performance
is validated on different subsets of the data, providing a comprehensive assessment of its generalization capabilities.
The stratified cross-validation deployment ensures that each class is well-represented in both the training and
validation sets, thereby contributing to the reliability and validity of our experimental outcomes.

The chosen machine learning models, selected for their simplicity and performance, are configured as shown in
Table 2. Each model’s configuration was systematically optimized to achieve the best results, ensuring alignment
with our dataset and objectives.

To evaluate model performance, we used four metrics: accuracy, precision, recall, and Fl-score, calculated as
follows:

Accuracy = TP+TN (11)
Y= TP+TN+ FP+FN

Stat., Optim. Inf. Comput. Vol. 13, May 2025



2038 MACHINE LEARNING FOR EFFICIENT HAND SIGN GESTURE RECOGNITION

Table 2. Various configurations applied to machine learning algorithms.

ML Methods Configurations
KNN Neighbors = {2, 3, 4, 5}
Decision Tree Depths = {10, 20, 30, 40}

Random Forest Estimators = {10, 20, 30, 40}

TP

Precision = TPLFP (12)
TP
Recall = TP FN (13)

Precision - Recall
F1S =2 14
core Precision + Recall a5

where TP, TN, FP, and FN represent the true positives, true negatives, false positives, and false negatives,
respectively.

As illustrated in Table 3, by analyzing the gap between the training and validation metrics, and considering the
computational constraints of each machine learning algorithm, we can select the k-nearest neighbors model with 2
neighbors, the decision tree model with a maximum depth of 30, and the random forest model with 20 estimators.

Table 3. Mean values of training and validation Accuracy, Precision, Recall, and F1-Score for k-Nearest Neighbors (k-NN),
Decision Tree (DT), and Random Forest (RF) with various configurations.

Models Accuracy Precision Recall F1-Score
Training Validation | Training Validation | Training Validation | Training Validation
2-NN 99.18 98.18 98.97 97.15 98.36 97.30 98.62 97.21
3-NN 98.84 98.18 98.57 97.67 97.91 96.94 98.21 97.21
4-NN 98.57 97.98 98.16 97.92 97.23 96.47 97.63 97.06
5-NN 98.39 97.53 98.01 96.99 96.92 94.94 97.39 95.76

DT 10 Depth 88.51 88.20 89.02 85.28 83.41 83.20 84.19 83.84
DT 20 Depth 99.41 96.53 99.37 94.67 98.82 94.82 99.08 94.70
DT 30 Depth 99.99 96.58 99.99 94.74 99.99 94.80 99.99 94.76
DT 40 Depth 99.99 96.76 99.99 94.30 99.99 93.78 99.99 94.01
RF 10 Estimators | 99.96 98.01 99.95 97.13 99.94 96.55 99.95 96.77
RF 20 Estimators| 99.99 98.50 99.99 97.70 99.99 95.70 99.99 96.32
RF 30 Estimators | 99.99 98.57 99.99 98.39 99.99 96.70 99.99 97.33
RF 40 Estimators | 99.99 98.72 99.99 98.60 99.99 98.26 99.99 98.42

By comparing the best configuration of each machine learning method, Figures 11a, 11b, Ilc and 11d
demonstrate that the Random Forest model performs best for our approach. The box plot presentations of accuracy,
precision, recall, and F1-score further highlight the stability of the Random Forest model compared to the others.
Additionally, it shows consistent performance with no outliers, a characteristic not observed in the other models.

The confusion matrices for the three selected models (2-Nearest Neighbors, 30-Depth Decision Tree, and
Random Forest with 20 Estimators are depicted in Figures 12a, 12b and 12c. These figures represent the percentage
values of the tested inputs for each model, offering insights into how well each model distinguishes between
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Figure 11. Box plot comparison for 2-NN, 30-DT, and 20-Estimator RF models: (a) Precision, (b) Accuracy, (c) Recall, (d)
F-1 Score.

different classes. Based on these results, the random forest approach demonstrates the highest accuracy among the
models evaluated.

4.2. Comparison with State-of-the-Art Methods

In Table 4, we compare our approach with state-of-the-art deep learning models. While traditional methods like
LightGBM (86.1%)) and SVM (87.6%) have lower accuracy, deep learning models like ResNet101 (93.52%))
and MobileNet (95.41%)) offer better performance but are computationally expensive for real-time applications.
Lightweight models like EfficientNetV2 (96.48%)) and MobileNetV2 (97.06%)) improve efficiency but still require
significant resources. Our proposed method (98.50%)) outperforms these models by achieving high accuracy with
low computational complexity, making it ideal for real-time, resource-constrained devices.

4.3. Real-Time User Testing

To assess the practical applicability of our system, we conducted real-time testing using a standard laptop webcam.
The objective was to evaluate the system’s usability, responsiveness, and robustness under real-world conditions.
The test was performed on a live video stream where hand gestures were captured and classified on-the-fly. The
system was tested with three selected models: 2-Nearest Neighbors (2-NN), Decision Tree with 30 Depth (DT 30
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Figure 12. Confusion Matrix for: (a) 2-Nearest Neighbors, (b) Decision Tree with 30 Depth, and (c) Random Forest with 20
Estimators.

Depth), and Random Forest with 20 Estimators (RF 20 Estimators). The results, presented in Table 5, represent the
average performance metrics across multiple trials.
The system achieves real-time performance, with inference times below 0.025 seconds, latencies below 0.080
seconds, and frame rates close to 30 FPS, making it suitable for deployment on low-power, embedded devices.
Figure 13 illustrates real-time gesture recognition outputs under different conditions, showcasing the system’s
ability to accurately classify hand signs in real-world settings.
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Table 4. Comparison of Proposed Method with State-of-the-Art Methods on ASL Dataset

Method Recognition Accuracy (%)
Light GBM [43] 86.1
SVM [43] 87.6
Bounding Box around Hands [44] 90.0
Pruned DCNN [47] 91.0
SqueezeCapsNet [48] 91.6
ResNet101 [49] 93.52
MobileNet [49] 95.41
EfficientNetV2 [50] 96.48
MobileNetV2 [51] 97.06
Proposed Method 98.50

Table 5. Real-Time Performance Metrics for Selected Models

Model Inference Time (ms) | Latency (ms) | Frame Rate (FPS)
2-NN 13.21 8.59 27.49
DT 30 Depth 9.32 7.32 27.82
RF 20 Estimators 13.3 8.03 28.13

Inference Time: 0.0138s Inference Time: 0.0130s

Latency: 0.0845s A . Latency: 0.0859s “ \ &

Inference Time: 0.0137s Inference Time: 0.0148s r i Inference Time: 0.0146s

Latency: 0.0719s Latency: 0.0733s n Latency: 0.0753s

Inference Time: 0.0167s. e Time: Inference Time: 0.0138s

Latency: 0.0926s | y: Latency: 0.0749s

Figure 13. Real-Time Gesture Recognition Outputs in Various Conditions.

5. Conclusion

Our approach uses fewer features than the state-of-the-art methods for hand gesture recognition, which reduces the
complexity of the problem and optimizes computational and memory resources. We explored various machine
learning methods with multiple configurations, and our findings indicate that the random forest algorithm is
the most effective with our selected features. The chosen configuration strikes a balance between minimizing
complexity and avoiding over-fitting.
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Our method performs well even when the captured features are insufficient due to variations in the number of
convexity defects detected for the same hand sign, highlighting its robustness and stability. However, a limitation
of our approach is differentiating similar gestures, where angles and medians may have closely matching values,
making differentiation challenging. Additionally, the method relies on accurate hand positioning for effective
landmark detection.

Future enhancements might include using advanced filtering techniques or adding more features, such as finger
curvature, hand orientation, and temporal dynamics, to improve the differentiation between similar gestures. We
also plan to explore the applicability of the proposed method to other sign languages, such as British Sign Language
(BSL) and Arabic Sign Language (ArSL), as well as more complex gestures involving both hands and dynamic
movements.

The proposed system is selected to avoid using complex machine learning algorithms, such as deep learning,
which rely on raw features as inputs for accurate predictions. This approach can be considered a lightweight
machine-learning solution suitable for low-power devices.
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